The efficiency of producing salable products in the pork industry is largely determined by costs associated with feed and by the amount and quality of lean meat produced. The objectives of this paper were 1) to explore heritability and genetic correlations for growth, feed efficiency, and real-time ultrasound traits using both pedigree and marker information and 2) to assess accuracy of genomic prediction for those traits using Bayes A prediction models in a Duroc terminal sire population. Body weight at birth (BW at birth) and weaning (BW at weaning) and real-time ultrasound traits, including back fat thickness (BF), muscle depth (MD), and intramuscular fat content (IMF), were collected on the basis of farm protocol. Individual feed intake and serial BW records of 1,563 boars obtained from feed intake recording equipment (FIRE; Osborne Industries Inc., Osborne, KS) were edited to obtain growth, feed intake, and feed efficiency traits, including ADG, ADFI, feed conversion ratio (FCR), and residual feed intake (RFI). Correspondingly, 1,047 boars were genotyped using the Illumina PorcineSNP60 BeadChip. The remaining 516 boars, as an independent sample, were genotyped with a low-density GGP-Porcine BeadChip and imputed to 60K. Magnitudes of heritability from pedigree analysis were moderate for growth, feed intake, and ultrasound traits (ranging from 0.44 ± 0.11 for ADG to 0.58 ± 0.09 for BF); heritability estimates were 0.32 ± 0.09 for FCR but only 0.10 ± 0.05 for RFI. Comparatively, heritability estimates using marker information by Bayes A models were about half of those from pedigree analysis, suggesting "missing heritability." Moderate positive genetic correlations between growth and feed intake (0.32 ± 0.05) and back fat (0.22 ± 0.04), as well as negative genetic correlations between growth and feed efficiency traits (-0.21 ± 0.08, -0.05 ± 0.07), indicate selection solely on growth traits may lead to an undesirable increase in feed intake, back fat, and reduced feed efficiency. Genetic correlations among growth, feed intake, and FCR assessed by a multiple-trait Bayes A model resulted in increased genetic correlation between ADG and ADFI, a negative correlation between ADFI and FCR, and a positive correlation between ADG and FCR. Accuracies of genomic prediction for the traits investigated, ranging from 9.4% for RFI to 36.5% for BF, were reported that might provide new insight into pig breeding and future selection programs using genomic information.
INTRODUCTION
Efficiency of producing salable pork products is largely determined by costs associated with feed and by the amount of and quality of lean meat produced. Utilizing feed resources more efficiently became a clear challenge that faces the U.S. pork industry (McGlone and Pond, 2003) . To produce "more with less," pork producers need to adopt new technologies to improve feed efficiency of pigs. Ideally, pigs eating less, growing faster, and depositing more lean meat than fat are preferred.
Feed efficiency can be evaluated by feed conversion ratio (FCR) or residual feed intake (RFI). Residual feed intake, first introduced by Koch et al. (1963) , was defined as the difference between observed and expected feed intake for an individual (Kennedy et al., 1993; Hoque et al., 2008) . Methods for improving feed efficiency through FCR or RFI have been reported in certain selection programs (Rothschild and Ruvinsky, 2010) . However, improving feed efficiency directly by selection is expensive: recording individual feed intake remains labor intensive and time-consuming, requiring costly equipment. Additionally, data from feed intake recording equipment (FIRE) systems often contain errors that require careful editing before the data can be used (Casey et al., 2005) .
The availability of the Porcine60K BeadChip has greatly facilitated whole-genome association studies, contributing to increased accuracy of selection by application of marker-assisted or genomic selection (Fan et al., 2011; Christensen et al., 2012) . This project aimed at identifying genomic regions associated with feed efficiency and production traits. As part of the work, the objectives of this paper were 1) to explore heritabilities and genetic correlations for ADFI, ADG, feed efficiency traits (FCR and RFI), ultrasound traits (back fat thickness [BF] , muscle depth [MD] , and intramuscular fat content [IMF] ), and BW at birth and weaning, using either pedigree or marker information and 2) to access the accuracy of genomic prediction of the 9 traits in a Duroc terminal sire population.
MATERIALS AND METHODS

Animal and Phenotype Data Collection
Data used for this study were provided by Smithfield Premium Genetics (Rose Hill, NC) . This data set included 1,047 Duroc boars from the mating of 64 sires and 421 sows within a single nucleus farm. These data were also used as reference data to estimate marker effects for genomic prediction. Individual piglet BW and litter information were recorded within 24 h of birth, and BW at weaning was recorded at the mean age of 25 d. After weaning, boars were grouped into batches or contemporary groups and fed in FIRE stations, starting at an average age of 85 d. Contemporary groups (or batches) were defined as boars weaned in the same week. Growth and feed intake were measured on each pig, during a test period of 45 d on average.
Individual feed intake and BW were recorded when a pig visited the feeder (1 in each pen). In total there were 323,639 individual visits recorded. When the boars reached approximately 120 kg, ultrasound BF, MD, and IMF and BW (BW on test) were recorded. The ultrasound images of all animals were captured over the last 3 ribs via an Aloka 500 ultrasound machine (Corometrics Medical Systems, Wallingford, CT) and analyzed for intramuscular fat using the Swine Image Analysis Software (Designer Genes Technologies Inc., Harrison, AR).
Additionally, all traits mentioned above were collected on 516 more boars from the same farm, following the same protocols. Data from the 516 boars were used as validation data in genomic prediction.
Statistical Analysis
Phenotype Data Editing. Average daily gain was calculated using 2 methods to maximize information from different sources of data: 1) simple linear regression using BW at weaning (at an average of 26 d, approximately 7.75 kg) and ultrasound BW on test (at an average of 103 d, approximately 120 kg) of 889 boars, assuming linear growth, and 2) robust regression using 272,248 single-pig BW records from the FIRE system. Body weight records from the FIRE system contained outliers, which showed abnormal growth patterns when plotted against age. Previous studies showed that robust regression could be applied to edit this serial pig BW data Zumbach et al., 2010) . Two steps were used to edit the BW data in robust regression. 1) A quadratic growth curve was estimated for each pig assuming small or 0 weights for points far away from the curve using robust regression with the bisquare weight function in R. By fitting a robust regression with age and squared age as covariates, each data point was assigned a weight (from 0 to 1) to minimize the influence of abnormal data points. 2) Data with a weight less than 0.5 were treated as outliers, which is similar to Zumbach et al. (2010) . Animals with less than 20 BW records or with less than 30 d of information were excluded. The predicted BW from robust regression were used to calculate ADG for 599 boars. Average daily gain estimates for 927 boars were obtained by combining the 2 data sets from the above analysis.
Average daily feed intake was obtained by editing 323,639 records collected from the FIRE system. Data from electronic feeders have been found to contain a substantial number of errors (De Haer et al., 1992; Eissen et al., 1998) resulting from feeder malfunctions and animal-feeder interactions. To obtain an accurate prediction of individual feed intake, editing methods are required that efficiently identify and correct errors in data from electronic feeders. In this study, feed intake records were edited on the basis of the method proposed by Casey et al. (2005) .
The first step in the edit procedures was to identify errors in each visit (a feeding event from a pig's entrance into the feeder to its exit) using 16 criteria and count the number of errors of each type for each day. Error frequency in this study was higher than 5%, which was previously reported (Casey et al., 2005; Cai et al., 2008) . The second step was to compute error-free feed intake for each pig and day by summing feed consumed in visits without identified errors. The third step involved estimating the effect of error counts on error-free daily feed intake by fitting a linear mixed model to error-free daily feed intake observations with batch as fixed effect, 31 variables created from the 16 error counts and ADG and BW as covariates, and pig as a random effect: Phenotypes of the 516 additional boars were collected and edited using the same procedures described above.
Genetic Parameter Estimation. Phenotypes of 1,047 animals were used to estimate genetic parameters by incorporating pedigree information. The pedigree for each animal was traced back 3 generations, resulting in a total of 2,593 individuals being included in the pedigree file. Genetic and residual (co)variances for the 9 traits were estimated using the following animal models in ASReml (Gilmour et al., 2009 ): Genetic covariance between any 2 investigated traits was obtained by exploring a bivariate animal model with the same fixed effects as described above for singletrait animal models. However, BW at birth and BW at weaning were excluded because the limited number of progeny for each sow affected our ability to accurately estimate maternal effects and permanent environment effects in the 2-trait animal models.
Genomic Variance Components and Marker Effects Estimation. Genomic data from 1,047 boars were obtained using the Illumina PorcineSNP60K BeadChip (Illumina Inc., San Diego, CA). The SNP with call rates ≤ 0.90, minor allele frequency (MAF) ≤ 0.002, and P-value < 0.0001 for a chi-squared test for Hardy-Weinberg equilibrium and individuals with a call rate ≤ 0.90 were excluded from the genotype data set. After quality control was completed, 40,008 SNP and 1,022 boars remained. Missing SNP genotypes were imputed for all available boars with pedigree information using AlphaImpute1.1.0 (Hickey et al., 2011) . A total of 40,008 SNP (including 35,870 SNP on autosomes and the X chromosome) out of 64,232 were qualified for variance component estimation.
A total of 516 additional boars with both genotype and phenotype information were used as a validation data set for genomic prediction. Genotypes of the 516 boars were obtained using a low-density panel (GGPPorcine BeadChip, 9K; GeneSeek Inc., a Neogen Co., Lincoln, NE), which included 8,826 SNP chosen from the 60K bead chip. Quality control for the marker genotypes was performed using the same criterion described above, and 6,028 SNP remained. Imputation was performed using MaCH1.0 (Li et al., 2010) and Minimac (Howie et al., 2012) at each chromosome because imputation using the 2 packages was faster than AlphaImpute (S. Jiao, unpublished data). After imputation, 35,870 SNP were obtained for each boar typed by the 9K chip as a validation set. Imputation accuracies were investigated by masking 30% and 60% of the SNP from the 60K chip using nonoverlapping sliding windows (Huang et al., 2012) on chromosomes 1 and 2.
To simultaneously estimate SNP effects to derive the prediction equation, a single-trait Bayesian approach, called Bayes A by Meuwissen et al. (2001) , was used via GenSelv4.0 software (http://bigs.ansci.iastate.edu). The model fitted was
where y is a vector of n preadjusted phenotypes (taking out fixed effects accordingly), is the general mean, X is a design matrix of marker genotypes (m) for n individuals with elements coded as -10, 0, 10 as required by GenSel, u is a (n × 1) vector of SNP effects assumed normally distributed with mean 0 and variance e N s . The Bayes A model has a prior assumption that SNP effects are t distributed with a specific marker variance. We predicted the genomic estimated breeding values (GEBV) in the validation sets as 2= GEBV X u , and the predicted phenotypes was then
, where X 2 was design matrix of marker genotypes in the validation set. The prediction accuracy for each trait was assessed by using the formula derived by Legarra et al. (2008) :
where r is correlation, g = overall genetic value, ĝ = predicted genetic value, y = phenotype, ŷ = predicted phenotype value, and A 3-trait Bayes A analysis was used to investigate relationships among ADG, ADFI, and FCR, with the dimension of the previous model adjusted accordingly (Jia and Jannink, 2012) . After solving the model and obtaining SNP effect estimates, breeding values for each window with 50 markers across the entire genome were computed instead of a single marker to better understand genomic regions involved in or associated with 2 traits.
RESULTS AND DISCUSSION
In this study, growth, feed intake efficiency, and real-time ultrasound measurements of 1,047 boars from a Duroc nucleus herd were collected and analyzed. An additional 516 boars were genotyped with a low-density chip and used as a validation data set to evaluate genomic prediction accuracies.
Phenotype Records Editing and Statistics
Sixteen errors associated with individual feed intake were identified in this study. The error type, error rate, and coefficient for the covariate associated with each error type estimated from the mixed linear model for the reference data set are summarized in Table 1 . Error rate ranged from 0% to approximately 16% in the reference data set. The percentage of records in the reference data set containing at least 1 error type was 35.13%, which is much higher than the previously reported error rate of approximately 5% (Casey et al., 2005; Cai et al., 2008) . The error rate within the validation set was much lower at 14.92%. Error-free daily feed intake was 1,567 g/d (1,577 g/d in the validation set) before any adjustment, which was lower than the adjusted daily feed intake of 1,996.9 g/d (2,002.3 g/d in the validation set). This indicates that deleting only the records with errors would underestimate the actual feed intake; thus, proper adjustment is needed for phenotype editing to ensure accurate prediction.
Robust regression for single-pig analysis was performed using serial measurements of pig BW data from the FIRE system. Outliers were identified (approximately 12% of total data points) and removed from the data set because of lower weight value (<0.5), resulting in ADG computed for 599 pigs. Body weights plotted against age before and after editing for 2 randomly selected pigs are shown in Fig. 1 . Clearly, data points far from the growth curve were removed on the basis of the analysis. From simple linear regression, ADG for 889 boars were obtained. The ADG for 516 pigs were obtained from both robust regression and simple linear regression, with a correlation of 0.89. Thus, ADG of the additional 83 pigs obtained from robust regression were added to the 889 boars, for a total of 972 boars after ADG editing. Descriptive statistics are listed in Table 2 for ADG from linear regression and robust regression. Robust regression resulted in a higher mean estimate of ADG and larger SD than estimates from simple linear regression.
Descriptive statistics of the 9 traits investigated in the reference and the validation data sets are listed in Table 3 .
Genetic Parameter Estimation
Estimates of additive genetic variance, residual variance, and heritability from single-trait animal models for the reference data set are represented in Table 4 . Moderate heritability estimates for ADG, ADFI, FCR, BF, MD, IMF, and BW at birth were obtained from the present analysis, with heritabilities estimated to be 0.44 ± 0.11, 0.66 ± 0.11, 0.32 ± 0.09, 0.58 ± 0.09, 0.39 ± 0.09, 0.54 ± 0.11, and 0.34 ± 0.28, respectively, whereas heritability estimates for RFI and BW at weaning were lower, less than 10%. Genetic covariance and correlation between any 2 traits except BW at birth and BW at weaning are shown in Table 5 . Moderate positive genetic correlations between growth and feed intake (0.32 ± 0.05) and growth and back fat (0.22 ± 0.04), as well as negative genetic correlations between growth and feed efficiency traits (-0.21 ± 0.08, -0.05 ± 0.07), indicate that selection solely on growth traits may lead to undesirable increases of feed intake, back fat, and reduced feed efficiency.
In contrast to the pedigree analysis, genomic variance components and marker heritability from single-trait Bayes A models are shown in Table 6 , using 35,870 markers on autosomes and the X chromosome. Compared to the heritability estimates in Table 4 , most of the marker heritability estimates were approximately half of the heritability obtained from the classical animal model, except RFI and BW at weaning. Covariance components estimated from a multiple-trait Bayes A model are displayed in Table 7 . Genetic correlations among growth, feed intake, and FCR assessed by a multiple-trait Bayes A model resulted in increased genetic correlation between ADG and ADFI (0.82), a negative correlation between ADFI and FCR (-0.13), and a positive correlation between ADG and FCR (0.40). Similar to the multiple-trait analysis using traditional animal model, traits borrowed large amounts of information from other traits.
Marker Effects Estimation and Genomic Prediction Accuracy
Genetic correlations between quantitative traits indicate that measurements of one trait can be informative for other traits. Single-trait analysis does not take this information into account. Using single-trait models might be a disadvantage not only in variance component estimation, but also in finding common chromosomal regions for traits of interests in a breeding objective. Window BV (breeding values) were computed using î i X u , where i is a genomic region, i.e., we used 50 markers per region i in this study, i = 1, 2, …, 800. Several obvious genomic regions that may affect both ADG and ADFI were identified (Fig. 2) .
To investigate the effect of different loci effects on the accuracy of prediction for different traits, we used SNP effects for each trait from a single-trait Bayesian approach. Prediction accuracy was computed for each trait and is shown in Table 8 .
Prediction accuracies were different for each trait, ranging from 0.094 to 0.365. However, compared to genomic prediction projects completed in dairy or beef cattle, accuracy was much lower. The average relationship of animals in the reference and validation data sets was 0.044. To investigate the effect of the relationship between animals in the reference data set and animals in the validation data, animals in the validation set were divided into 3 groups on the basis of the average numeric 2 RFI = residual feed intake.
3 BF = ultrasound back fat thickness.
4 MD = ultrasound muscle depth.
5 IMF = ultrasound intramuscular fat percentage.
relationship of 1 boar in the validation set and all other boars in the reference set. Group 0 contains boars in the validation data set having no relationship (within 3 generation) with boars in the reference set (completely unrelated); group 1 represents moderate relationships, which were defined as an average relationship less than 0.044, whereas group 2 included boars in the validation set related more highly than the other groups (with the average relationship larger than 0.044). A box plot (Fig. 3 ) was created to illustrate that the more closely related the animals were between the validation and reference data sets, the more accurate the prediction would be.
Feed Intake Visit Records from Electronic Feeders
The collection of growth records and real-time ultrasound measurements is relatively simple and has been done on a routine basis in many seed-stock swine units. However, individual feed intake collection is limited because it is more difficult and expensive to measure. The FIRE systems are frequently used by pig companies in the United States to measure individual feed intake in grouphoused growing pigs. Because of multiple factors, including rodent activity, moisture and dust in the environment, and the behavior of pigs, electronic feeders are prone to malfunctions and may produce erroneous feed intake and BW records Zumbach et al., 2010) . A summary of the error rate for each type is shown in Table  1 . Individual records were used to compute ADFI for each pig. The mean of ADFI for Duroc boars of this age was approximately 2 kg; similar results have been published by (Cai et al., 2008) for Yorkshire pigs. Because of the high error rate detected in BW measurements of pigs using the FIRE system data, weaning weights and weights taken when ultrasound measurements were recorded were used to estimate ADG. Weight gain from weaning until the ultrasound weight was taken was assumed to be linear. The estimated ADG was included in the models for daily feed intake (DFI) adjustments as well as RFI computation. Developing methodologies in further studies to overcome these limitations would improve the quality of phenotypic data and increase the power of a genomewide association study.
Variance Components and Genetic Parameter Estimation: Animal Model vs. Whole-Genome Bayesian Model
Heritability for each trait was estimated using an animal model in the present study (Table 4 ). All 9 traits investigated were moderately to highly heritable, except the feed efficiency trait RFI and BW at weaning. Estimated heritabilities for ADG and ADFI using animal models were 0.44 ± 0.11 and 0.66 ± 0.11, respectively, in the present study and were consistent with the estimates of 0.48 and 0.49 reported by Hoque et al. (2008 Hoque et al. ( , 2009 in Duroc pigs and the estimates of 0.51 and 0.46 published by Schulze et al. (2001) for 563 boars tested in central stations by electronic feeders. In addition, the heritability estimates for ADG and ADFI in the current study are 1 FCR = feed conversion ratio = ADG/ADFI.
2 RFI = residual feed intake.
* Values in parentheses are standard errors. 2 FCR = feed conversion ratio = ADG/ADFI.
3 RFI = residual feed intake.
4 BF = ultrasound back fat thickness.
5 MD = ultrasound muscle depth.
slightly higher than literature averages (0.29 and 0.29, respectively; Rothschild and Ruvinsky, 2010) . Estimated heritabilities for real-time ultrasonic traits, including BF and IMF, were also in agreement with estimates by Lo et al. (1992) , who estimated the heritabilities for BF and IMF to be 0.54 and 0.52, respectively, for crossbreds of Landrace and Duroc pigs, and were also similar to the estimates reported by Suzuki et al. (2005) . Heritability estimates for FCR and RFI, 2 components of feed efficiency traits, were 0.32 ± 0.09 and 0.10 ± 0.05, respectively, in the present study. The heritability estimate for FCR was consistent with estimates in the literature, ranging from 0.12 to 0.58, with an average of 0.30, but heritability for RFI was slightly lower than estimates commonly reported in the literature, ranging from 0.1 to 0.42, with a mean of 0.24 (Johnson et al., 1999; Rothschild and Ruvinsky, 2010) . Kaufmann et al. (2000) indicated that the direct heritability for individual piglet BW at birth and weaning was 0.02 and 0.08, respectively, and that maternal heritability was 0.21 and 0.16, respectively, in Large White pigs. However, the estimate of direct heritability for BW at birth was much higher than that and had a very high standard error (0.34 ± 0.28), which may result from the smaller sample size. Results in Table 5 represent the genetic correlation estimates for any 2 traits investigated in the present study except BW at birth and at weaning. Moderate genetic correlations between growth and feed intake (0.32 ± 0.05) and back fat (0.22 ± 0.04), as well as negative genetic correlations between growth and feed efficiency traits (-0.21 ± 0.08, -0.05 ± 0.07), were found in the study, indicating that selection solely on growth traits may lead to undesirable increases in feed intake and back fat and a reduced feed efficiency. Lo et al. (1992) reported a genetic correlation between ADG and BF of 0.28, which was lower than the estimate of 0.67 reported by Schulze et al. (2001) and slightly lower than the value of 0.33 suggested by Hoque et al. (2008) . Hoque et al. (2008) also reported correlations between DG and FI of 0.34, and FCR and RFI of 0.95 , which is higher than the current estimate (0.53). Negative correlations (-0.37 and -0.54) in 2 feeding regimes have been found between ADG and FCR by Schulze et al. (2001) .
In contrast, heritability estimates obtained from genome-wide dense markers were generally lower than estimates obtained from traditional animal models and, in most cases, were approximately half of the corresponding estimates for most of the traits (Table 6 ). The reason why the estimates of heritability from whole-genome studies are small may be the result of "missing heritability," which has been a hotly debated issue in human genetics (Eichler et al., 2010) , or may be due to different factors of genome-wide evaluation. The reason why genome-wide studies explain only a relatively small proportion of heritability and have small effect estimates may be due to the genetic architecture of the traits, epistatic effects, genotype by environments interactions, and other similar factors (Makowsky et al., 2011) . Genetic correlations among quantitative traits indicate relationships among the traits. Current single-trait analyses do not take this information 1 FCR = feed conversion ratio = ADG/ADFI, RFI = residual feed intake, BF = ultrasound back fat thickness, MD = ultrasound muscle depth, and IMF = ultrasound intramuscular fat content.
2 Residual variance obtained from the mean of posterior distribution of residual variance.
3 Genetic variance referred to posterior mean of genetic variance for each trait. 4 Marker heritability computed as the ratio of genetic variance to total variance. 1 FCR = feed conversion ratio = ADG/ADFI, RFI = residual feed intake, BF = ultrasound back fat thickness, MD = ultrasound muscle depth, and IMF = ultrasound intramuscular fat content.
2 The heritability ) is the broad-sense heritability, obtained from single-trait animal model. into account and might be disadvantageous in variance component estimation. Jia and Jannink (2012) reported increased genetic value prediction accuracy with multipletrait genomic selection and suggested that low-heritability traits benefit from correlated high-heritability traits in genomic selection. Our results in Table 7 strongly agree with the conclusion they made: by borrowing information from other traits, genetic correlation between ADG and ADFI increased (see Tables 5 and 7) . By exploring multipletrait Bayes A analysis, genomic regions of improved feed efficiency traits (less input, more output, which is lower ADFI and higher ADG) were identified on chromosome 1. Further investigation will be needed to uncover the genes or mutations in the identified region (Fig. 2) .
Genomic Prediction Accuracy
Genomic prediction of future phenotype or genetic merit using dense SNP genotypes can be used to estimate genomic breeding values in the selection of livestock, especially in dairy cattle (Hayes et al., 2009 ) and beef cattle (Garrick, 2011) , but breeding values are rarely reported in swine (Christensen et al., 2012 ). In the current study, prediction accuracies were different for each trait, ranging from 9.4% to 36.5%, using approximately 1,000 animals as a reference and 500 animals for validation. The prediction accuracies for growth (ADG), feed intake (ADFI), and feed efficiency (FCR and RFI) were 24%, 15%, 11%, and 9.4%, respectively. Our results are consistent with the studies of Christensen et al. (2012) , in which they compared the accuracies of predicted breeding values for ADG and FCR in Danish Duroc pigs using a single-step method and genomic BLUP, with prediction accuracies of 18% to 35% for ADG and 18% to 23% for FCR for genotyped animals from different single-trait models. However, compared to genomic prediction studies completed in dairy or beef cattle, the accuracies were low. There are several possible reasons for the low accuracies. First, the sample size of the validation set is small, only approximately 500 boars for each trait, which is half of the sample size of the reference set. Second, genotypes for boars in the validation data set were imputed from the 9K panel to 60K, and imputation error can lower the prediction accuracy. The accuracy of imputation was estimated to be 93.12% and 91.69% when masking 60% of the markers in 9K for chromosome 1 and 2. When masking only 20% of the makers, imputation accuracies increased to 98.76% and 99.12%. Furthermore, Hayes et al. (2010) suggested that genomic prediction accuracy may also rely on the underlying genetic architecture of traits, or the heritability.
In the current study, variance components for 9 investigated traits, including ADG, ADFI, FCR, RFI, BF, MD, IMF, BW at birth, and BW at weaning, as well as genetic correlations among them, were estimated using single-trait and 2-trait animal models as well as singletrait Bayes A and multiple-trait Bayes A approaches. Most traits were moderately to highly heritable, with the Genomic prediction accuracies for the 9 traits investigated for different relationship groups. The 9 traits include ADFI, ADG, feed conversion ratio (FCR), residual feed intake (RFI), ultrasound back fat thickness (BF), ultrasound muscle depth (MD), ultrasound intramuscular fat content (IMF), BW at birth, and BW at weaning. Relationship groups were defined on the basis of the average relationship (using pedigree only) between individuals in the validation data set and all others in the reference data set. For the relationship group, 0 indicates the individual in the validation data set and the animal in the reference data set have no relationship on average, whereas group 1 denotes a moderate relationship (less than 0.044) and group 2 represents a relatively higher relationship (larger than 0.044). The value 0.044 is the mean of the average relationship between the validation and reference data sets. exception being feed efficiency traits FCR and RFI and BW at weaning. Moderate positive genetic correlations between growth and feed intake and growth and back fat, as well as negative genetic correlations between growth and feed efficiency traits, were found in the study. On the basis of our results, selection solely on growth traits might lead to an undesirable increase in feed intake and back fat and reduced feed efficiency.
Heritability estimates using a whole-genome dense marker panel were approximately half of the estimates from a traditional animal model, indicating that missing heritability existed in all the traits. Utilizing dense marker genotypes provides a wealth of information regarding the genetic makeup of each pig, providing new insights into estimates of heritability and correlations between traits in a genomic perspective. Accuracies of genomic prediction were investigated for 9 traits in pigs, which may provide new insight into pig breeding and future selection programs.
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